Abstract
Introduction

24
Pathogenic microbes such as bacteria, fungi, oomycetes, and nematodes colonize and infect plant cells and 25 cause devastating diseases and crop losses. The extracellular matrix of plant tissues is known as the apoplast 26 and is integral to plant physiology, signalling and defence against plant-pathogenic microbes. Initial contact 27 between plant and pathogens is made in the apoplast and early interactions determine if a pathogen is able to 
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The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/182428 doi: bioRxiv preprint first posted online Aug. 30, 2017;  compounds and proteins such as proteinases, chitinases, glucanases and enzyme inhibitors that damage 1 pathogen structures and molecules (Lo Presti et al., 2015) . In turn, plant pathogens secrete effectors that et al., 2015) . Some pathogens also deliver cytoplasmic effectors into plant cells to target intracellular 6 processes. Both apoplastic and cytoplasmic effectors can also be recognized by either membrane bound or 7 intracellular plant receptors to trigger defence responses often known as effector-triggered immunity (ETI) Stotz et al., 2014) .
9
Plant pathogens have evolved various strategies to deliver cytoplasmic effectors intracellularly. Biotrophic 10 and hemibiotrophic pathogens must suppress host defences as they feed on living plant cells, whereas 11 necrotrophic pathogens feed and grow on dead or dying plant tissue and trigger host cell death as a 12 colonization strategy. Some pathogens can directly penetrate plant tissue through specialized infection basal apoplastic host defence components (Stotz et al., 2014; Zhong et al., 2017) .
21
The diversity of plant pathogen effectors poses a challenge for their prediction from genomic sequences.
22
Bacterial cytoplasmic effectors are generally predicted using machine learning methods based on conserved 23 host delivery mechanisms such as the type III secretion system (McDermott et al., 2011) . Cytoplasmic 24 oomycete effectors are commonly predicted based on the presence of conserved N-terminal sequence motifs, 25 but this analysis is typically restricted to RxLR or Crinkler effector families (Bhattacharjee et al., 2006) .
26
Effector prediction in fungal pathogens is complicated by the lack of conserved sequence features or motifs.
27
User-driven selection of proteins with a small size and a high number of cysteines is commonly used to mine 28 fungal secretomes for effectors, but suffers from poor accuracy especially for cytoplasmic effectors 29 (Sperschneider et al., 2015a) . Fungal effector prediction can benefit from including evidence of diversifying 30 selection (Guyon et al., 2014; Sperschneider et al., 2014) or the genomic context of the gene for pathogens 31 that preferentially harbour effectors in genomic regions with higher evolutionary rates (Raffaele & Kamoun, 32 2012). Whilst such methods are powerful, they only capture a subset of the effector repertoire as these are 
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The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/182428 doi: bioRxiv preprint first posted online Aug. 30, 2017;  having to apply user-chosen thresholds, and this was exemplified in the first machine learning classifier for 1 fungal effector prediction called EffectorP (Sperschneider et al., 2016) . However, EffectorP is not able to 2 distinguish between apoplastic and cytoplasmic fungal effectors. chloroplasts, mitochondria and nuclei in effectors (Sperschneider et al., 2017) . Signal peptide prediction 7 tools such as SignalP (Petersen et al., 2011) and Phobius (Kall et al., 2007) as well as plant subcellular 8 localization predictors such as WoLF PSORT (Horton et al., 2007) or YLoc (Briesemeister et al., 2010) can 9 predict extracellular localization, but not apoplastic localization specifically. For extracellular pathogens, (Wawra et al., 2017) . No conserved sequence motif with a role in host translocation has 17 thus far been found for fungal pathogens (Sperschneider et al., 2015a) that can be utilized to predict 18 cytoplasmic localization for effectors. Taken together, for both plant and pathogen proteins, no 19 computational method currently exists to determine apoplastic localization despite its importance in plant-20 pathogen interactions and its value in guiding experimental validation.
21
Apoplastic proteins can be identified through microscopic analyses or apoplastic proteomics, however both 22 are technically challenging (Doehlemann & Hemetsberger, 2013; Delaunois et al., 2014) . The first challenge 23 for in planta proteomics is the collection of sufficient apoplastic material without causing cell wall damage 24 and thus contamination with cytoplasmic proteins. Alternatively, in vitro experiments can limit 25 contamination with cytoplasmic proteins, but only have partial ability to characterize apoplastic proteins 26 involved in plant-pathogen interactions (Jung et al., 2008) . There is increasing evidence that apoplastic 27 proteins can be secreted unconventionally (Delaunois et al., 2014) and these cannot be detected in the 28 apoplastic proteome by signal peptide prediction tools such as SignalP (Emanuelsson et al., 2007) .
29
Currently, the only prediction tool for unconventionally secreted proteins is SecretomeP (Bendtsen et al., 30 2004a), but it has been trained on mammalian sequences and is not recommended for use on plants or 31 pathogens (Lonsdale et al., 2016) . Taken together, the technical challenges of proteomics and microscopic 32 analyses as well as the lack of bioinformatics tools for apoplastic localization prediction has limited progress 33 in our understanding of early plant-pathogen interactions in the apoplast, in the identification of alternative 34 secretion pathways and in the ability to discriminate between apoplastic and cytoplasmic effectors.
35
. CC-BY-NC-ND 4.0 International license not peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/182428 doi: bioRxiv preprint first posted online Aug. 30, 2017;  Description 1 Training and evaluation of the machine learning classifiers 2 Literature searches were performed to collect apoplastic and cytoplasmic effectors with experimental 3 support for both the training and independent test sets (Table 1, FASTA sequences available at   4 http://apoplastp.csiro.au/data).
5
As a positive training set, 349 apoplastic plant proteins (retrieved from UniProt: taxonomy: Viridiplantae 6 locations:(location:apoplast) AND reviewed:yes) as well as 24 apoplastic, experimentally validated effectors 7 from fungal and oomycete pathogens from the literature (Table 1) were collected. Only sequences > 50 aas 8 and starting with 'M' were considered. The 373 sequences were homology-reduced as follows. First, a 9 sequence was randomly picked and added to the homology-reduced set if it did not share significant 10 sequence similarity with another sequence already present in the homology-reduced set. Significant 11 sequence similarity was assessed using phmmer (Finn et al., 2011) with a bit score threshold of larger than 12 100. This resulted in a positive training set of 84 proteins (FASTA sequences available at 13 http://apoplastp.csiro.au/data). (tiny, small, aliphatic, aromatic, nonpolar, polar, charged, 22 basic, acidic) in the sequence, total number of cysteines in the sequence, protein net charge, isoelectric point,
23
grand average of hydropathicity (GRAVY) as well as the protein instability index and protein aromaticity 24 calculated using ProtParam (Gasteiger et al., 2005) . As ProtParam does not allow ambiguous amino acids as 25 input, we replaced these with randomly selected respective amino acids (B replaced with D or N; Z replaced 26 with E or Q, X replaced with any amino acid).
27
Weka 3.8.1 was used to train machine learning classifiers (Frank, 2016) . For the Random Forest classifier,
28
proteins with probability > 0.55 were classified as apoplastic. Weka's CorrelationAttributeEval + Ranker 29 method was used to find the most discriminative features for classification.
30
In the evaluation, a true positive (TP) is an apoplastic protein that is correctly predicted as an apoplastic 31 protein and a false positive (FP) is a non-apoplastic protein incorrectly predicted as an apoplastic protein. A 32 true negative (TN) is a non-apoplastic protein that is correctly predicted as a non-apoplastic protein and a
33
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) is defined as the proportion of positives that are correctly identified whereas specificity ( ) and the Matthews Correlation Coefficient MCC (
) were also 5 used to evaluate the overall performance of the method. The MCC ranges from −1 to 1, with scores of −1 6 corresponding to predictions in total disagreement with the observations, 0 to random predictions and 1 to 7 predictions in perfect agreement with the observations. The receiver operating characteristic (ROC) curve is 8 drawn by plotting sensitivity against (1 -specificity) and the area under the curve (AUC) can be interpreted 9 as the probability that a classifier will rank a randomly chosen apoplastic protein higher than a randomly 10 chosen non-apoplastic protein. Therefore, a perfect classifier achieves an AUC of 1.0, whereas a random 11 classifier achieves an AUC of only 0.5.
12
For the evaluation, we collected plant and fungal proteins that have been experimentally shown to localize to PST-130 (Cantu et al., 2011) ; Blumeria graminis f. sp.
33
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22
Rhodosporidium toruloides (Zhu et al., 2012) . Secretome predictions of fungal and oomycete genomes was 23 done using SignalP 3 (Bendtsen et al., 2004b) , TMHMM (Krogh et al., 2001) and TargetP (Emanuelsson et 24 al., 2000) as described in Sperschneider et al. (2015b) . Effector candidates were predicted using EffectorP 25 1.0 (Sperschneider et al., 2016) . MEME motif searches (Bailey et al., 2009) were run on the EffectorP 1.0 26 predicted apoplastic and non-apoplastic effector candidates after sequence homology reduction. MEME was 27 run with the parameters -protein -nmotifs 5 -mod oops. et al., 2014) . These were adapter-trimmed using trimgalore with default 32 parameters (https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/). Reads were aligned to the
33
Pgt 21-0 genomes using STAR with default parameters (Dobin et al., 2013) . FeatureCounts (Liao et al., 34 2014) was used to obtain a read count matrix. The DESeq2 package was used for differential expression
35
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3
Results
4
An enrichment in cysteines is a feature of apoplastic fungal and oomycete effectors, but not of 5 apoplastic plant proteins 6 The plant apoplast is a harsh physiological environment rich in degradative proteases (Kamoun, 2006; Lo 7 Presti et al., 2015) and is likely to impose particular stability constraints on apoplastic proteins. We first 8 investigated if a small size and high cysteine content, as routinely used as criteria for fungal effector 9 prediction (Stergiopoulos & de Wit, 2009; Sperschneider et al., 2015a) , is sufficient for predicting apoplastic 10 localization. First, we compared 29 experimentally validated apoplastic fungal effectors to 29 11 experimentally validated cytoplasmic fungal effectors (Table 1) . We observed no significant differences 12 between the two groups in terms of sequence length, but we found a significantly higher percentage of 13 cysteines as well as a higher total number of cysteines for apoplastic fungal effectors (Fig. 1A ). We then 14 tested simple classifiers using different thresholds for cysteine content and found that this resulted in high 15 false positive rates of 19.2% to 43.7%. This suggests that thresholds for cysteine content do not allow for 16 highly accurate discrimination of apoplastic effectors from cytoplasmic effectors in fungi (Table 2) . For 17 example, a small size and high cysteine content are also found in intracellular fungal effectors such as the
18
Melampsora lini effectors AvrP123 (117 aas, 11 cysteines) and AvrP4 (95 aas, 7 cysteines).
19
For 19 experimentally validated apoplastic oomycete effectors and 38 experimentally validated cytoplasmic 20 oomycete effectors (Table 1) , we observed no significant differences in sequence length distribution (Fig. 21 1B). However, apoplastic oomycete effectors are significantly enriched in cysteines compared to 22 cytoplasmic oomycete effectors. We tested different thresholds for cysteine content and found that a 23 threshold of >= four cysteines achieved sensitivity of 69.6% and false positive rate of 8.8%. This suggests 24 that a simple classifier using a threshold of at least four cysteines in the sequence can predict oomycete 25 apoplastic effectors more accurately than fungal apoplastic effectors (Table 2) . However, there are 26 exceptions such as the oomycete pathogen Phytophthora sojae that employs an essential apoplastic effector 27 called PsXEG1 with only two cysteines in its sequence (Ma et al., 2015) .
28
We then compared the distribution of sequence length and cysteine content for 349 apoplastic plant proteins The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/182428 doi: bioRxiv preprint first posted online Aug. 30, 2017;  8 112 cysteines and sequence length of 883 aas. Taken together, we conclude that neither a small size nor high 1 cysteine content alone are discriminative features for predicting apoplastic localization of both plant and 2 effector proteins. In the following, we use machine learning to investigate if additional protein properties 3 determine if a protein localizes to the plant apoplast. To assess if protein properties can accurately distinguish apoplastic proteins from cytoplasmic proteins for 7 both effectors and plant proteins, we trained a machine learning classifier (Fig. 2) . We combined apoplastic 8 plant proteins and randomly selected fungal and oomycete effector proteins (Table 1) The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/182428 doi: bioRxiv preprint first posted online Aug. 30, 2017;  thresholds from the previous section. On the set of effectors that share no overlap with the training data, ApoplastP improves accuracy by 12.5% for fungi and by 13.7% for oomycetes (Table 3) .
2
We selected the six most discriminative features that separate non-apoplastic from apoplastic proteins as 3 predicted by WEKA and plotted their distribution in the positive and training sequence data. Overall, 4 apoplastic proteins appear to be enriched in small amino acids, tiny amino acids and cysteines as well as 5 depleted in glutamic acid, charged amino acids and acidic amino acids (Fig. 3) . The enrichment and 6 depletion analysis confirms that apoplastic localization is not a feature of a high cysteine content alone and 7 that machine learning is sensitive to discovering compositional patterns of apoplastic proteins.
8
The signal that separates apoplastic proteins from non-apoplastic proteins is not related to the 9 presence of a signal peptide 10 As the positive training set consists of protein sequences with signal peptides and the negative training set 11 consists of protein sequences without a signal peptide, we first assessed if ApoplastP is biased towards 12 recognizing properties relating to secretion alone. Thus, we tested ApoplastP on secreted proteins (including 13 their signal peptides) that do not reside in the plant apoplast. The first set we used is cytoplasmic effectors as 14 these are secreted but enter the plant cell and act intracellularly (Table 1) . ApoplastP correctly predicts all ToxB is an effector that is secreted into the apoplast and acts extracellularly (Figueroa et al., 2015) and the 21 similarity on the structure level to the intracellular effector AvrPiz-t and Avr-Pik could explain their 22 prediction as apoplastic. Taken together, we estimate that ApoplastP has a false positive rate of 4.4% on 23 cytoplasmic effectors, as compared to 1.8% in 10-fold cross-validation on intracellular plant proteins. The 24 removal of the first 20 aas as the default signal peptide region has no impact on the false positive rate for 25 this set (Table 4) . ApoplastP also has a low false positive rate of 0.8% on 358 RXLR effector candidates 26 (HMM model, Win et al. (2007) ). 27 We then used non-apoplastic fungal, plant and mammalian proteins with a predicted signal peptide to further 28 assess the false positive rate of ApoplastP. Proteins with a predicted signal peptide are not necessarily 29 released to the extracellular space, but can be retained in the endoplasmic reticulum (ER) or Golgi apparatus, 30 be directed to the lysosome or vacuole, contain transmembrane helices or a GPI-anchor that anchors it to the 31 outer face of the plasma membrane. We took plant and fungal proteins that have been experimentally shown 32 to localize to the ER, Golgi, vacuole or contain transmembrane domains, yet also have a predicted signal 33 peptide. Plant GPI-anchored proteins can be anchored to the apoplastic face of the membranes and those
34
. CC-BY-NC-ND 4.0 International license not peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/182428 doi: bioRxiv preprint first posted online Aug. 30, 2017;  from pathogens have been found to interact with host cells and can be required for virulence, therefore we 1 did not include them. We also took extracellular mammalian proteins with a predicted signal peptide as a 2 negative test set. Overall, ApoplastP has a false positive rate of 6% on all 1,217 plant, fungal and 3 mammalian non-apoplastic proteins with a predicted signal peptide (Table 5) . We observed the highest false proteins identified from extracellular fluid as apoplastic, namely the apoplast-localized lectin. (Table 6 (Table 7) . This is consistent with the haustorial structure in rust 2 fungi, in which the extra-haustorial matrix is thought to be separated from the plant apoplast by a neckband 3 and the role of haustoria as the main site of cytoplasmic effector delivery (Voegele & Mendgen, 2003; 4 Garnica et al., 2014) . In contrast, a simple classifier using a threshold of at least four cysteines as a criterion 5 for apoplastic localization returns 30.9% of secreted proteins that are encoded by genes with high up-6 regulation in haustoria as apoplastic. This confirms the high false positive rate of cysteine-rich classifiers for 7 apoplastic localization prediction observed in the previous sections.
8
ApoplastP correctly identifies 75% of apoplastic effectors in independent test sets 9 We used an independent test set of 32 apoplastic effectors from fungi, oomycetes and nematodes to assess 10 the true positive rate (correctly identified apoplastic proteins) of ApoplastP. We found that ApoplastP 11 delivers a high true positive rate of 75% on the experimentally validated apoplastic effectors, but does not 12 identify 8 effectors (AvrLm1, PstSCR1, CfTom1, EPI10, OPEL, Crt-1, HYP-3 and CLE-1) as apoplastic 13 (Table 8 ).
14 We then tested ApoplastP on 923 apoplastic proteins from both plant and pathogens that were determined 15 using proteomics (Table 9 ). Apoplastic proteomics is prone to false positives due to the potential for cell 16 damage that can lead to contamination of the sample with cytoplasmic proteins (Delaunois et al., 2014) .
17
Therefore, we tested ApoplastP using both the apoplastic proteome set as well as on only the 480 proteins in 18 these sets that have a predicted signal peptide using SignalP 4.1 (Petersen et al., 2011) . We observed the The secretomes of saprophytic fungi, necrotrophic plant pathogens and extracellular fungal 28 pathogens are enriched for predicted apoplastic proteins 29 We applied ApoplastP to the predicted secretomes of published fungal and oomycete genomes (see 30 Methods) and plotted the percentages of predicted apoplastic proteins (Fig. 4A) . Overall, the proportions of cocos (9%). We compared the percentages of predicted effectors in the apoplastic set to predicted effectors 21 in the non-apoplastic set (Fig. 5) . Amongst pathogenic fungi, we found significant differences only for the 22 rust pathogens, with an average of 52.1% apoplastic proteins predicted as effectors, whereas only 33.5% of pathogen secretomes is low, they are highly enriched for predicted effectors.
27
Conserved sequence motifs in predicted cytoplasmic effector candidates 28 We predicted apoplastic and non-apoplastic (cytoplasmic) effector candidates in fungi using ApoplastP and 29 EffectorP. To find conserved motifs in predicted cytoplasmic effector candidates, we reduced the sequence 30 homology in each set and applied a MEME motif search (Bailey et al., 2009 ) with the setting of one 31 occurrence of a motif per sequence. Even though EffectorP is not designed for effector prediction in 32 oomycetes, we used this methodology as a positive control on Phytophthora infestans. As expected, MEME 33 returned the RxLR (yet with a non-significant E-value > 0.05) and dEER motifs (E-value 2.2x10 -28 ) in the 34 .
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4
[YFW]xC motif was also found for the Puccinia graminis f. sp. tritici cytoplasmic effector candidate set 5 (non-significant E-value > 0.05, Fig. 6E ).
6
We also observed an enrichment in a proline at the +1 position after the predicted signal peptide cleavage 7 site in fungal secretomes. We therefore performed a systematic search for +1 prolines in the mature protein 8 sequences across the predicted secretomes of fungal and oomycete genomes using the predicted cleavage has a pro-domain after the signal peptide region that is thought to be important for folding, but not necessary however it is unlikely related to fungal effector function.
21
Discussion
22
The plant apoplast is integral to essential plant processes such as intercellular signalling and transport. to be secreted can also localize to the cell walls or be retained intracellularly (Emanuelsson et al., 2007) .
31
Furthermore, effectors can either function in the plant apoplast or enter the plant cell cytoplasm and being 32 able to discriminate between these two localizations accurately is highly desirable for shortlisting prime 33 effector candidates for subsequent experimental validation.
34
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Fungal -AvrM, AvrL567, AvrP123, AvrP4, RTP1, PGTAUSPE-10-1, Avra10, Six3, Six6, Avr-Pita1, Pwl1, Avr-Pia, Bas1, AvrPiz-t, Avr1-CO39, Avr-Pii, Avr-Pik, Bas107, See1, Cmu1, Tin2, ToxA, SP7, MISSP7, Bas162, AvrM14, AvrL2-A, CgEP1, VdSCP7
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